ABSTRACT This paper aims to examine how the trajectory dimension influences sensorimotor control during arm tracking. We designed three trajectories with different dimensions in a three-dimensional (3D) immersive virtual reality environment and instructed the subjects to control a virtual hand to follow a cubic target that moved along the designed trajectories. The position of the virtual hand was determined by the position of the actual hand captured with a high-resolution 3D motion capture system in real time. Five kinematic measures were calculated: the root mean square error (RMSE), the standard deviation of the speed (speed sd ), the magnitude of the jerk (Jerk m ), the integral of the speed power spectrum (IVPS), and the 3D fuzzy approximate entropy (fApEn 3D ). All the kinematic measures increased significantly with increasing trajectory dimensions, except for the IVPS between the 1D and 2D conditions and the fApEn 3D between the 2D and 3D conditions. The increase in time-domain parameters (i.e., RMSE, speed sd , and Jerk m ) showed degradation in accuracy, energy efficiency, and multijoint coordination, respectively, in the higher dimensions. An increase in the frequency-domain measure (i.e., IVPS) in higher dimensional condition reflected an increase of visual feedback-related intermittency in manual control when increasing the trajectory dimension. The larger nonlinear fApEn 3D values in the 2D and 3D conditions might have been due to the higher level neuromotor noise and increased sensory inputs. The selected parameters could provide a comprehensive method for evaluating motor performance from different perspectives. The findings in this paper shed light on the underlying sensorimotor control that is caused by the trajectory dimension in arm tracking tasks.
I. INTRODUCTION
The sensorimotor control system of the human central nervous system (CNS) plays an important role in performing visually guided arm tracking, which is a widely used task for assessing the motor function of patients with neuralmotor impairment [12] , [32] . Previous experimental psychologists have proposed a three-stage model to account for the discrete response that the human CNS executes to a stimulus, and the three stages were: a continuous sensory analysis stage, a discrete response planning stage and a continuous response execution stage [22] . Based on the threestage model, Neilson et al. [22] simulated tracking responses and illuminated that the closed-loop feedback control could adaptively stabilize the sensorimotor transform even if the internal model was inaccurate, which pioneered the research on tracking responses to unveil the underlying sensorimotor mechanism. Instead of simulation, Miall et al. [20] measured the tracking responses, calculated the speed power spectra and proposed that the intermittency could be represented with a power element in the spectra and that the error-correction responses in tracking movements might be limited by a positional error deadzone. However, a more recent study based on arm tracking, instead of manual joystick tracking, showed that both speed and direction errors were involved in regulating the submovements, each of which corresponded to errorcorrective response planning [27] . Moreover, Ao et al. [1] suggested that an integration of feedforward and feedback control contributed to arm tracking performance, and a shift from feedback to feedforward control was found in faster tracking movements. Patients after stroke tracked the target with less accuracy, which may be due to the increased neuromotor noise in the sensorimotor system [1] . Therefore, the external tracking performance should be capable of reflecting the internal regulation of sensorimotor control by the human CNS.
Many factors, such as target size [13] , target speed [1] , movement direction [11] and delayed visual feedback information [17] , are all related to the underlying sensorimotor control during arm tracking. Huysmans et al. [13] manipulated the target size to change the precision level in a twodimensional (2D) tracking task that was performed with a pen, and the results showed that increased precision demands were accommodated by both the different organization of submovements and increased muscle activity. Ao et al. [1] detected the effects of the target speed at 6 levels on feedforward-feedback control during elbow tracking tasks using sinusoidal trajectories, which indicated a shift from feedback to feedforward control as the target speed increased. Huang et al. [11] compared the tracking behaviors along four different directions during multijoint upper limb movements, and parametric differences in all four directions reflected notable influences on the movement direction in sensorimotor control. Limanowski et al. [17] changed the visual feedback delays of hand movements at eight lengths during sinusoidal tracking tasks at 0.5 Hz in three-dimensional (3D) space and tracked the accuracy and brain activity using functional magnetic resonance imaging (fMRI), which showed that a distributed network of brain regions was used to process visual information at different stages to accurately guide one's actions online.
The trajectory dimension, which is the minimum number of independent variables (or degrees of freedom (DOF)) that determines a curve [23] , [24] , can also influence sensorimotor control in arm tracking. For example, lines in a plane possess only one DOF, and the trajectory dimension of the straight lines should be 1, regardless of their angle in the plane. Circles or other trajectories in a plane with uncorrelated projection movements in a Cartesian coordinate frame should be 2D trajectories. Similarly, if the deviations in the x-, yand z-coordinates (where x is the horizontal axis from left to right, y is the horizontal axis from posterior to anterior, and z is the vertical axis perpendicular to the horizontal plane) are not related to one another, then the trajectory dimension is considered to be 3. Watson and Jones [31] designed a 2D random-tracking trajectory as two orthogonal one-dimensional (1D) equivalents (i.e., x only and y only) and found a deterioration in tracking performance on 2D tasks compared with that on 1D tasks according to the error scores. The same observation was made by Oytam et al. [24] , who suggested that horizontal performance was superior to 2D (or two simultaneous one-DOF movements) performance.
Kinematic outcome measures exhibit sensitivity and reliability in assessing sensorimotor control. Error signals have been used to investigate tracking performance when changing from a 1D to a 2D tracking task [24] , [31] . Speed fluctuation, speed sd , is a measure that quantifies the variations in instantaneous speed around the mean speed and often serves as an estimation of energy cost and movement efficiency [2] . Parameters relevant to jerk have been widely used to quantify the smoothness of the movement path and to reflect abnormal muscle tone [34] . Apart from these temporal characteristics, sensorimotor control can also be evaluated in terms of frequency characteristics. The power spectrum is a frequency parameter that is calculated from the speed signals, and the values of the power spectrum in the frequency band that range from 0.5 to 1.8 Hz during visual tracking are larger than those of nonvisual tracking movements [20] . A previous study suggested that the integral of the power spectrum of normalized speed values could reflect the shift between feedback and feedforward control [1] . The human motor system has the potential to adjust its behavior under the influence of organismic, task and environmental constraints, and these adaptability characteristics could be better measured by nonlinear entropy measurements. ApEn has been selected to estimate the effects of postural balance based on simulated random time-series data [14] , [25] . fApEn is a generalized version of ApEn, showing better monotonicity, better relative consistency, and more robustness to noise when characterizing signals with different complexities. fApEn analysis has been employed to investigate stroke-induced changes in sensorimotor control [34] and steady-state visual evoked potentials-based preictal alert to migraine patients [4] . Moreover, fApEn could provide insight into discriminating the aging-related changes in the coordination of agonist and antagonist muscles [29] . fApEn is most likely capable of providing insight into the variability of sensory inputs [3] and neuromotor noise [19] , [34] .
Although many researchers have focused on the effect of the trajectory dimension, whether higher dimensions in tracking tasks are more demanding on the CNS remains unclear. Most previous researchers have used only error scores to investigate the influence of trajectory dimension on sensorimotor control. A kinematic analysis of dimension-dependent sensorimotor control using multiple measures is important but has not yet been performed. We designed three trajectories with different DOFs, and a head-mounted display (HMD) was The virtual scenes of the tracking tasks: the target (a semitransparent cube with a cross in the center) moved along one of the three preset trajectories, including a horizontal line (one dimension, 1D), a circle (two dimension, 2D) and a cylindrical helix (three dimension, 3D). The subjects controlled the virtual hand (the pink palm with a cross in the center) to move in the same way as the target, which means that the two crosses in the target cube and the virtual hand should overlap with each other as well as possible. The blue circle on the table is the home position, i.e., the starting point of the movement for each trial, and the whole preset trajectory could be seen from the very beginning of the trial. The target was not tracked in (b) and (c), so the crosses in the virtual hand and the target cube could both be shown for the sake of clarity.
used to provide 3D visual feedback. Five kinematic measures characterized the time-domain (RMSE, speed sd and Jerk m ) and frequency-domain properties (IVPS); in addition, linear (RMSE, speed sd , Jerk m and IVPS) and nonlinear dynamical features (fApEn 3D ) were selected to provide comprehensive perspectives on the sensorimotor control of arm tracking movements.
II. MATERIAL AND METHODS

A. SUBJECTS
A total of 21 healthy right-handed adults (9 males and 12 females, mean age: 21.67 ± 1.91 years) were recruited for this study. The criteria for inclusion were (1) good visual acuity and mental capacity, such that wearing a HMD would not cause psychological or physical discomfort; (2) good understanding and tracking ability; and (3) capability of providing informed consent. Before the experiment, all the subjects were informed of the procedure and gave written informed consent for this study. Ethical approval was provided by the Medical Ethical Committee of the First Affiliated Hospital of Sun Yat-sen University.
B. APPARATUS
As shown in Fig. 1a , the subjects were seated on a comfortable chair with a HMD (Oculus version DK2, California, USA). Restraining seat belts were used to prevent trunk flexion during tracking. The experiment was conducted in a quiet room with the light off to avoid noise and interference. During the arm tracking tasks, kinematic data of the hand were captured using a marker-based motion capture system (OptiTrack, NaturalPoint, USA) at 100 frames per second; the marker was firmly fixed to the second metacarpals. The movement of a virtual hand in the HMD was driven by the recording of the actual hand's displacement in real time, and the 3D cubic target could move in its trajectory at a constant speed (tangential speed: 2.25 cm/s). According to [27] , 2.25 cm/s is a slow target speed, which can provide subjects enough time to integrate the sensory information and minimize the influence of the transmission delay on generating motor commands to modulate their real time feedback control performance. As shown in Fig. 1c , there were three types of trajectories in the experiment: 1) a horizontal line, 2) a horizontal circle and 3) a vertical cylindrical helix. For these trajectories, the independent variables that determined the curve were 1, 2 and 3, respectively, and the trajectory's different coordinate projections were uncorrelated with one another. Therefore, the dimensions of these trajectories were 1, 2 and 3, respectively. The length of the horizontal line was 24 cm in the 1D condition. The radius of the horizontal circle was 12 cm in the 2D condition. In the 3D condition, the radius of the horizontal circle projected by the cylindrical helix was also 12 cm, and the height of the helical pitch was 6 cm. Therefore, the times required to finish single tracking loops for the 1D, 2D and 3D conditions were21.3 s, 33.5 s and 33.6 s, respectively. In the 3D condition, the overall vertical displacement was 18 cm. To generate a more realistic 3D view, the designed trajectory was visible to the subjects at the beginning of and during the whole tracking, but the actual trajectory drawn by the participants was not presented. The visibility of the trajectory might help the subjects with their predictive forward control in arm tracking, hence minimizing the time delay during tracking. The target was a semitransparent cube that was 3 × 3 × 3 cm in size, and the virtual hand was a scaled solid pink palm (reduced by approximately 70% in size compared to the general size of human hands, which was chosen during the pre-experiments based on subjects' satisfaction). In addition, black crosses were drawn in the center of the target and the virtual hand. When the two crosses overlapped with each other, the error was minimized. The blue solid circle (1-cm radius) on the virtual desk represented To calculate all the kinematic measures, the data length was chosen as 800 for the 1D condition, corresponding to about the central 18 cm of the actual trajectory. To calculate all the kinematic measures except the IVPS, the second loop was selected for the 2D and 3D conditions. For comparison with the IVPS for the 1D condition, 4 consecutive 800-point segments were extracted from the second loop in the 2D and 3D conditions. (c) The speed pulses calculated from the 800-point extracted data in the 1D, 2D and 3D conditions. The horizontal dashed line represents the mean speed.
the home position of the movement. The subjects could put their hands on this circle when they had rest periods during the experiments, which occurred between each pair of successive trials. The virtual environment (VE) was generated using OpenGL in C++, and the virtual hand was modeled through 3ds Max. The field angles (FOV) of the HMD were set according to the vision range of the human eye (horizontal field angle: 120 • ; vertical field angle: 60 • ), providing an immersive virtual reality experience for the subjects.
C. EXPERIMENTAL PROCEDURES 1) TRIAL
A trial began with the participant's hand at the home position (blue circle) on the virtual desk. Once the hand was lifted to a height of approximately 8 cm above the table and paused for 2 s, a virtual target appeared in the HMD and began to move. In the 1D condition, the target started moving from the center to the left and then to the right and back to the center. While tracking the target along the horizontal line, the hand followed the target back and forth three times continuously. In the 2D and 3D conditions, the subjects were required to track the target along the circle three times and along the cylindrical helix once as a trial in the clockwise direction, and the movement started at the point closest to the body.
During tracking, the subjects were required to follow the moving target as closely as possible. An exact overlap of the two crosses represented perfect tracking accuracy. There was a 2-min rest between each pair of successive trials.
2) TRAINING BLOCK
The participants who were recruited in this study had never performed this task before. A training block was conducted to familiarize the subjects with the tracking speed and the cross overlap and to make them comfortable in the working space. In this training block, each of the subjects was allowed to perform 3 arbitrary trials.
3) TESTING BLOCK
During the experiment, each subject conducted a total of 9 trials with each trajectory-dimension condition repeated 3 times (Fig. 2a) . The trajectory-dimension conditions were arranged randomly, except that they avoided two successive 3D tracking trials to prevent fatigue.
All data analyses were performed off-line using custom written programs in MATLAB (version R2014a). For the 1D VOLUME 7, 2019 condition, the kinematic data of the central 800 points of the horizontal line were extracted from the raw data to avoid the turning points, and three such segments were selected from each trial. Two of the segments were in the moving direction from left to right, whereas the other was from right to left. For the 2D and 3D conditions, the second loop of the circular and the cylindrical helical tracking trajectories were selected from the raw data of one trial (Fig. 2b) . Therefore, a total of 9 horizontal liner segments, 3 circular loops and 3 cylindrical helical loops from the tracking trajectories in the 1D, 2D and 3D conditions, respectively, were extracted for a single subject since each condition was repeated 3 times. Each measure calculated for each subject was obtained by averaging the results across the 9 segments for the 1D condition, the 3 circular loops for the 2D condition and the 3 cylindrical helical loops for the 3D condition.
2) DATA FILTERING
To calculate RMSE, speed sd and IVPS, the selected data were filtered using a Parks-McClellan lowpass filter with a cut-off frequency of 10 Hz [3] . Since higher order time derivatives were used to calculate Jerk m , a Parks-McClellan bandpass filter between 3 and 11 Hz was used to filter the selected data [28] .
3) CALCULATION OF RMSE
The RMSE was calculated as
where x act , y act and z act represent the 3D spatial coordinates of the actual hand; x tar , y tar and z tar are the coordinates of the target; i denotes the i-th sample; N is the total number of filtered segmental data points.
4) CALCULATION OF SPEED sd
Speed sd is the standard deviation of the magnitude of the speed signals around the mean speed and has been used to describe the speed fluctuations in human movements [2] . It was calculated as follows
speed mean
speed sd
where t is the time interval of the two consecutive points, and speed(i) denotes the i-th speed sample of the actual hand.
5) CALCULATION OF JERK m
Jerk m is an index used to measure the 'smoothness' of a signal based on the time derivative of the acceleration, i.e., the thirdorder derivative of the position [28] . Here, Jerk m was used to reflect the kinematical organization of the 3D submovements. In the 3D spatial version, the square root of the magnitude of the jerk was calculated as
where t start and t end indicate the starting and ending time points, respectively; and duration is the interval time between t start and t end .
6) CALCULATION OF IVPS
To ensure the comparability among different conditions, we selected the segmental length of each speed signal when calculating the speed power spectrum over 800 points (Fig. 2b) .
In the 2D and 3D conditions, the speed signals extracted from the second loop were divided into 4 consecutive segments, each with 800 points. To calculate the IVPS, the selected speed signal was demeaned, and the speed power spectrum was obtained using a fast Fourier transform (800 points padded with zeros to 1024). The resulting 3 speed power spectra for each trial under the 1D condition and 4 speed power spectra for each trial under the 2D and 3D conditions were then averaged separately. Then, we calculated the IVPS in the frequency band of 0.5-1.8 Hz of the averaged speed power spectrum according to Miall et al. [20] , as follows
where p i refers to the i-th discrete power density spectrum value. Here, the region of the power spectrum between 0.5 and 1.8 Hz was calculated by summing the power density spectrum values from the 5th to the 18th point since the frequency bin width of the power spectrum was 100/1024 ≈ 0.1 Hz.
7) CALCULATION OF fApEn 3D
fApEn 3D is a 3D version of fApEn, which is an improved approximate entropy (ApEn). fApEn has been used to characterize the nonlinear complexity of short 1D physiological signals [5] . In this paper, we generalized fApEn to its 3D version as follows:
Step 1: Given an N -sample time series with each sample having 3 coordinates {x act (i); y act (i); z act (i) : 
where i = j.
Step 3: The fuzzy similarity degree D m ij was calculated using a fuzzy function, i.e., an exponential function, as
where n and r are the gradient and the width of the boundary of the exponential function. Large n and r values lead to a large gradient and width of the boundary. Moreover, a value of d m ij closer to unity, results in a higher similarity degree D m ij .
Step 4: The probability function ϕ m averaged all the similarities from any matrices in the time series to another and is expressed as
Step 5: Similarly, we obtained the m + 1-dimensional constructed matrix sequences { X } and the probability function ϕ m+1 . Then, the 3D fuzzy entropy measure fApEn 3D (m, N , n, r) could be estimated as a deviation of the probability function from ϕ m to ϕ m+1
where fApEn 3D is used to assess the incremental comparisons between the m-and the m + 1-dimensional space.
The 4 parameters m, n, r, and N should be defined before each calculation of fApEn 3D . Typically [3] , [5] , [10] , the length of the sequence m was typically set to 2 or 3 because a larger m allowed a more detailed reconstruction of the dynamic process, but a too large m value was hard to achieve for a physical dataset or required a very broad boundary, which would lead to information loss [5] . Here, m was selected as 2. Additionally, n and r determined the fuzzy similarity boundary. If the boundary are too narrow, then the fApEn 3D would be heavily affected by noise, whereas a too wide boundary might lead to information loss. The fApEn 3D had the property of consistency when N > 300 and r ranged from 0.02 to 1 using physiological signals [3] , [29] . Considering the selected data points for the 1D, 2D and 3D conditions in this study, n, r and N were consequently set to 2, 0.1 and 400, respectively, in this study.
E. STATISTICAL ANALYSIS
All of the parameters are described using the mean ± standard deviation (SD). A one-way repeated-measures analysis of variance (ANOVA) with Bonferroni post hoc comparisons was used to analyze the influence of the trajectory dimension on the 5 calculated measures. In addition, a Pearson productmoment coefficient of correlation was utilized to statistically analyze the relationship between each pair of kinematic parameters across the 1D, 2D and 3D conditions. All of the statistical analyses used p = 0.05 as the minimal significance level and were conducted using SPSS 19 (SPSS Inc., Chicago, Illinois, USA).
III. RESULT A. THE ROOT MEAN SQUARE ERROR (RMSE)
The RMSE (Fig. 3a) quantified the tracking accuracy between the actual and target positions. Tests of one-way repeated-measures ANOVA showed that RMSE was significantly influenced by trajectory dimension, and RMSE increased monotonically from 1D to 3D (1D vs. 2D: p < 0.01; 2D vs. 3D: p < 0.01; 1D vs. 3D: p < 0.01). Fig. 2b shows a sample of the 800-point extracted speed signals for the 1D, 2D and 3D conditions, and the mean speeds of these samples are also shown. The mean speeds for different trajectory-dimension conditions were near the target speed (2.25 cm/s), and there were no significant differences between different conditions (1D vs. 2D:p = 0.725; 1D vs. 3D: p =0.36; 2D vs. 3D: p = 0.635).
B. THE STANDARD DEVIATION OF SPEED (SPEED sd )
The speed signals consisted of speed pulses around their mean values (Fig. 2c) . The speed pulses were considered to be related to the submovements of arm tracking, which were segmented small movements due to intermittency. The magnitude of the submovement could be quantified by speed sd to some extent, and speed sd (Fig. 3b) was significantly affected by the trajectory dimension (p < 0.01). Post hoc comparisons indicated that speed sd significantly increased as trajectory Fig. 4 shows the average speed power spectra shaded with ±1 SDs from all 21 subjects under 3 trajectory-dimension tracking conditions with full visual feedback through an HMD.
D. THE INTEGRAL OF THE SPEED POWER SPECTRUM (IVPS)
We calculated the IVPS under different trajectorydimension conditions within 0.5-1.8 Hz, and the results are shown in Fig. 5 . One-way ANOVA with repeated measures showed that the trajectory dimension played a significant role in IVPS (p < 0.01). The results of the Bonferroni post hoc test showed that a significant difference was found between the 1D and 3D conditions and between the 2D and 3D conditions, but there was no significant difference between the 1D and 2D tasks (1D vs. 3D: p < 0.01; 2D vs. 3D: p < 0.01).
E. THE 3D FUZZY APPROXIMATE ENTROPY (fApEn 3D ) Fig.6 illustrates a notable increase in the mean fApEn 3D value of the output trajectories as the trajectory dimension increased. We used post hoc comparisons to examine the dimensionality effect among these three tracking dimensions. The results showed that there was no significant difference between the 2D and 3D conditions (p > 0.05), while the differences between the 1D and 2D tasks and between the 1D and 3D conditions were significant (1D vs. 2D:p < 0.01; 1D vs. 3D: p < 0.01).
F. CORRELATIONAL ANALYSIS
Correlations between each pair of kinematic parameters under different trajectory dimensions are shown in Table 1 . For the 1D condition, significant correlations were found between RMSE and speed sd (p < 0.05), RMSE and IVPS (p < 0.05), speed sd and Jerk m (p < 0.01) and speed sd and IVPS (p < 0.05) in the 1D condition, while the only significant correlation was between Jerk m and fApEn 3D (p < 0.05) in the 2D condition and Jerk m and IVPS (p < 0.05) in the 3D condition.
IV. DISCUSSION
In this study, we built a 3D immersive VE that allowed subjects to follow a moving target with their hands, and we studied the trajectory dimension's effect on sensorimotor control using five kinematic parameters: RMSE, speed sd , Jerk m , IVPS and fApEn 3D .
A. EFFECT OF THE TRAJECTORY DIMENSION ON SENSORIMOTOR CONTROL
The RMSE is a parameter that measures the tracking accuracy and precision of movement. The significantly increased RMSE values in the higher trajectory dimensions in our experiment (Fig. 3a) showed a significant performance deterioration in accuracy in the 2D and 3D conditions. This result is in agreement with that of Watson and Jones [31] and not with Oytam et al. [24] . The discrepancies might be accounted for by differences in the experimental design. First, the 1D tracking responses in Oytam et al.'s study (2005) were generated by a joystick controlled with the right hand, while the 2D responses were driven by two joysticks controlled bimanually. However, we designed an arm tracking task requiring the distal part of the arm to follow a target cube moving in the 3D VE. As the trajectory dimension increased, the range of joint motion also increased, which led to different collaborative flexions of the elbow and shoulder. The second notable difference was the tracking trajectories. Previous studies [24] , [31] examined the trajectory dimension's effect using single and dual-axis tracking tasks, but a curved path was considered to provide more details to reveal the sensorimotor control mechanism [18] . We designed curvilinear tracking trajectories in the 2D condition, beyond which we added a third dimension to the curvilinear trajectory in the 3D condition. 3D visually guided arm tracking is difficult to implement without 3D virtual reality, and the HMD we used in this experiment provided us an effective tool to investigate the trajectory dimension's effect on sensorimotor control. Our results suggest that the deteriorated tracking accuracy in the higher-dimensional conditions might have been due to the much larger range of arm movement.
The speed sd significantly increased as the trajectory dimension increased (Fig. 3b) while the speed mean was not affected by the dimension. Since the multipeaked speed profiles were manifestations of the discrete submovements during arm tracking tasks, the increase in the speed sd value VOLUME 7, 2019 in the higher trajectory dimension suggests an increase in the amplitude of the submovement. The submovements were considered to correspond to the intermittent error-correction sensorimotor feedback control processes [20] and were not fixed in time or space but instead showed a high correlation with the specific direction and speed error signals [27] . To correct the directional error, the sensorimotor control system aligned the direction of an upcoming submovement at a specific target direction, and a 'slow down -change directionspeed up' movement pattern in the error-corrective process was present but has an energy cost [3] . The larger speed sd in the 2D and 3D conditions might have been due to more movement directions predetermined by the target trajectory, and a larger speed fluctuation and a relatively larger amplitude of the error-corrected submovements suggests an increase in the energy cost.
The time-domain jerk parameter (Jerk m ) has been widely used to measure the smoothness of the movement trajectory [28] and the coordination of multijoint human movement [10] . In this study, significantly higher Jerk m values were found in the higher trajectory dimensions (Fig. 3c) , which demonstrates that movements made by subjects became less smooth, and the multiple joints were less coordinated. Recent studies have revealed that increasing both the target distance [34] and movement direction [11] influences the coordinated movement response. Other studies have illustrated that to achieve necessary positions, the sensorimotor system should regulate sequential muscle control for the subsequent coordination [6] , [15] . Compared with the 1D task, subjects coordinated their shoulder and elbow joints to make the distal part of the arm follow the target in a larger space with more movement directions. Therefore, tracking a trajectory with a higher dimension increased the demand for the coordination of multijoint human movements.
In this experiment, the higher IVPS value in the 3D condition compared with the lower-dimensional conditions (Fig. 5) implied that increasing the trajectory dimension led to a significant increase in the signal power of tracking responses between 0.5 and 1.8 Hz. According to Miall et al. [20] , the power in the frequency band of 0.5-1.8 Hz during tracking with visual feedback is larger than that without visual feedback, which reflected the intermittency in tracking behaviors when subjects used visual information as tracking-error feedback. The higher IVPS values in the higher-trajectorydimension conditions in our experiment might have been due to the larger magnitude of the error-corrective submovements during the visuomotor feedback control loop. Furthermore, motor behaviors reflect a combination of feedforward and feedback control by the human CNS [1] , [35] . Feedforward control is driven by the internal model [32] , while feedback control refers to a modification of movement due to sensory information that involves error detection and error correction [7] , [35] . The responding trajectory in the 1D condition might have been a result of the short-term prediction of target motion according to the internal model since the subject was relatively more familiar with the linear tracking tasks [19] , [22] , [23] . Our results suggest the visual information dependency of arm tracking and a shift to heavier feedback control as trajectory dimension increases.
Entropy has been used as a measure of complexity and regularity in nonlinear systems [25] . An advantage of the entropy-based approach is that it encompasses the capability of adjusting movement behaviors customized for the tasks and environmental contexts [10] . As a nonlinear measure, fApEn 3D might capture the nonlinear nature of the sensory and motor systems [9] , [33] , e.g., multiple inputs and unknown error deadzones [26] . As a measure of complexity, fApEn 3D reflected the level of neuromotor noise during sensorimotor control [7] , [19] . In our experiment, the increase of fApEn 3D in the higher dimensional conditions might have been due to a greater amount of sensory input information, i.e., more moving directions in the 2D and 3D conditions [3] , [30] . In addition, the signal-dependent neuromotor noise in the motor system would increase in the 2D and 3D conditions with a larger movement space [8] , [19] . We speculated that the higher neuromotor noise level might be related to the higher fApEn 3D values in the 2D and 3D conditions.
B. CORRELATIONS BETWEEN EACH PAIR OF KINEMATIC PARAMETERS
This study used multiple kinematic parameters to investigate the dimension-induced trajectory changes in sensorimotor control during arm tracking tasks. Correlational analysis between each pair of kinematic parameters in the order trajectory-dimension condition is shown in Table 1 . In the 1D condition, 4 significant correlations (RMSE and speed sd , RMSE and IVPS, speed sd and Jerk m , speed sd and IVPS) were found, which is consistent with the results of Miall et al. [20] . High correlations indicate the consistency of RMSE, speed sd , Jerk m and IVPS parameters and revealed their worth in the kinematic evaluation of the 1D condition. However, moderate correlations with almost all the kinematic parameters were demonstrated in the 2D and 3D conditions. This result might be because the kinematic parameters had higher responsiveness and were more sensitive to movement directions [27] . We speculate that in the 1D condition, the manner in which subjects performed the horizontal straight linear tracking task with a fixed direction was less influenced by direction, while subjects needed to regulate not only movement speed but also movement direction in real time in the 2D and 3D conditions.
In general, relatively high correlations were found in the 1D condition, and moderate correlations were found in the 2D and 3D conditions. We suspect that the kinematic parameters selected in this study made different contributions to investigating the trajectory dimension-induced changes in sensorimotor control. The only error signals [31] might be limited for complex human movements, so it was necessary to use multiple kinematic parameters (i.e., time-and frequencydomain measures, linear and nonlinear measures) to create an effective and comprehensive set of outcome measures of trajectory dimension-induced changes in sensorimotor control during arm tracking tasks.
C. FUTURE WORK AND POTENTIAL APPLICATIONS
The limitation of this work is as follows: first, diseases might influence different stages of the sensorimotor control, but we recruited only healthy youths; second, in this study, we only recorded kinematic data. In the future, we could recruit patients with CNS disease which related to motor problems. In addition, other physiological signals such as electromyography (EMG), functional near-infrared spectroscopy (fNIRS), or electroencephalography (EEG) could be recorded combined with kinematic data during 3D arm tracking to investigate the sensorimotor control mechanisms from other aspects.
The experimental paradigms can be used as a tool in the clinical evaluation of disabled persons. These free upper limb tracking tasks performed in 3D space closely resemble daily activities and can be applied to purposeful interventions in physical rehabilitation to maximize and maintain the effectiveness of rehabilitation. Additionally, the multijoint arm movement proposed in this study can serve as a guideline to determine other external factors, such as the range of joint motion, target speeds and target sizes, within which the examination setup can be well controlled since virtual reality has the ability to provide a standardized, reproducible and controllable environment.
V. CONCLUSION
This study built a 3D immersive VE that allowed subjects to follow a moving target with their hands, and we studied the trajectory-dimension effect on sensorimotor control. We used multiple kinematic parameters, including timedomain (RMSE, speed sd and Jerk m ) and frequency-domain properties (IVPS), as well as linear (RMSE, speed sd , Jerk m and IVPS) and nonlinear measures (fApEn 3D ). Correlations between each pair of kinematic parameters showed that the multiple kinematic measures could provide a comprehensive perspective of sensorimotor control during arm tracking tasks, especially in the higher trajectory dimensional conditions.
